Extreme rainfall does not occur in spatial isolation. Rainfall occurs in a region, and within that region nearby locations are likely to experience similar impacts due to spatial dependence. While univariate extreme value models provide the easiest statistical modelling approach to rainfall extremes, practitioners and researchers adopting statistical models without spatial dependence are liable to underestimate potential impacts. To minimise the adverse impacts of extreme rainfall, an understanding of the extreme precipitation field is required. To highlight how a spatial model with dependence compares with univariate models of extremes, a max-stable model is fitted to the daily annual maximum rainfall in a case study region of South East Queensland, Australia. This case study region was selected as it can be used to illustrate how climate drivers, such as El Niño Southern Oscillation (ENSO), can affect the extreme precipitation field and subsequently the distribution of spatial random variables. In adopting a max-stable model it is possible to produce simulations of the daily annual maximum rainfall field. These simulations can be used to inform urban planning strategies. This includes showing that the probability of a historical flash flood occurring was much higher given the strong La Niña phase of ENSO compared with an El Niño phase. The results presented aim to shift the dialogue from a univariate discussion to a discussion about how models of spatial extremes with dependence can be used to better understand the probability of extreme rainfall events and account for the influence of ENSO.
Introduction
Extreme rainfall can cause major societal impacts, including; flash flooding, crop destruction, loss of life and infrastructure damage. To mitigate these potential consequences, an understanding is needed of how extreme rainfall will impact a region, not just a single point location. This requires modelling of the extreme precipitation field.
The development of spatial-temporal statistical models for extreme rainfall applications is a growing area of research (Thibaud et al., 2013; Zheng et al., 2015; De Fondeville and Davison, 2016) . However, within the climate and engineering literature the analysis still frequently has a univariate focus (Westra et al., 2013; Jakob and Walland, 2016; Yilmaz et al., 2017) , where spatial relationships and dependence are ignored. For improved urban planning and to ensure our communities are resilient against extreme rainfall, the analysis needs to shift away from univariate extremes. Max-stable processes provide the natural extension from univariate extreme value theory to dependent extremes in continuous space. Examples of their application for modelling precipitation extremes include: summer maximal daily rainfall in Switzerland (Davison et al., 2012) , autumnal maximal daily rainfall in France (Bechler et al., 2015) and drought in Rwanda, Africa (Oesting and Stein, 2017 ).
An advantage of using a max-stable model is that the dependence of spatial extremes is captured, and consequently it is possible to produce accurate simulations of an extreme rainfall field. Accurate simulations are a key tool as aggregate measures of the extreme rainfall field, such as the total extreme rainfall or maximum rainfall in a region, are intractable analytically. If the primary concern were modelling the marginal distributions, there are other simpler spatial models we could use. Examples include: spatial GEV models (Buishand, 1991) , kriging as applied to quantiles (Aryal et al., 2009) or latent variable models (Cooley et al., 2007) . These models leverage space to improve upon marginal parameter estimates and have more flexible methods for fitting. However, a consequence of this flexibility is that necessary simplifying assumptions are made at the cost of capturing spatial dependence. Another alternative is provided by copula models (Sang and Gelfand, 2010; Sun et al., 2014) . These models are better at capturing spatial dependence than the aforementioned models, but they lack the max-stable property and consequent asymptotic justification. In this paper, we demonstrate that max-stable models, despite their perceived complexity compared with univariate and other spatial models, provide a useful tool for climate scientists and engineers to analyse rainfall extremes.
Max-stable processes can also be used to understand how climate drivers, such as El Niño Southern Oscillation (ENSO), can affect the extreme precipitation field. They have been used to examine the influence of ENSO on rainfall extremes in California, USA (Shang et al., 2011 (Shang et al., , 2015 , Poyang Lake basin, China (Zhang et al., 2014) and Eastern Australia (Westra and Sisson, 2011) . Utilising spatial models to detect a significant influence of ENSO on the distribution of rainfall extremes is often needed, as in a univariate setting the length of available observational data is often insufficient (Westra and Sisson, 2011) .
In Australia, there has been little research into quantifying the influence of ENSO on the distribution of rainfall extremes (Kiem et al., 2003; Min et al., 2013; Sun et al., 2014) . Falsely assuming a stationary climate or underestimating the influence of ENSO may therefore result in insufficient design standards, particularly for a strong La Niña phase. The La Niña phase of ENSO is known to be associated with cooler temperatures and wetter conditions along the Eastern Australian coast (Risbey et al., 2009) . This is in contrast to the El Niño phase of ENSO which is associated with hotter and drier conditions. In Eastern Australia, the influence of ENSO on rainfall totals and extremes is also suspected to be asymmetric; meaning that La Niña has a greater impact on the distribution of rainfall extremes than El Niño (Cai et al., 2010; King et al., 2013a; Sun et al., 2014) .
Motivated to understand how ENSO can affect the extreme precipitation field, we have selected a case study region of South East Queensland (SEQ) (Fig. 1) . Historically the SEQ region has been severely impacted by extreme rainfall and flooding. For example in January 2011, there was a record flash flood in Toowoomba and the nearby Lockyer Valley, the entire SEQ region was affected by flooding, a total of 33 lives were lost, and the insurance bill was in the order of billions of dollars (Queensland Floods Commission of Inquiry, 2012) . ENSO was also in a strong La Niña phase during this period. Given the socio-economic impacts of the 2011 flooding, questions were raised about the effectiveness of disaster mitigation strategies and the region has received much attention in the literature (Van den Honert and McAneney, 2011; Cai and Rensch, 2012; Brodie, 2013; King et al., 2013c; Sun et al., 2014) .
In this paper, we demonstrate how max-stable models can be used to improve our understanding of the probability of extreme rainfall and consequently urban planning. This includes highlighting the need for mitigation strategies to account for the influence of ENSO on the distribution of extreme rainfall. Using the fraction of attributable risk (Stone and Allen, 2005) , we quantify the effect of ENSO on the spatial distribution of rainfall extremes in the case study site by comparing spatial distributions under different ENSO conditions. We also show that the univariate distribution does not provide a suitable approximation for the spatial distribution with dependence, even for small domains. The paper is structured as follows. Section 2 describes the data sources used in this study. Section 3 introduces the necessary extreme value theory, including the max-stable process definition and brief introduction to simulation. Section 4 gives the results from the fitted model, including model validation and simulations from our fitted maxstable process.
Data

Annual maxima data
In the region of interest, there are 957 Bureau of Meteorology stations. Of these, 196 had a minimum of 50 years of daily observations and had records that were at least 90% complete. The annual maximum rainfall were taken for these 196 stations for the period 1910-2014, over 12 month blocks from July to June the following year. The year 2010 therefore refers to July 2010-June 2011. Adopting a non-calendar block ensures that the SEQ wet season is not split in two and we capture the peak in the strength of ENSO; which generally occurs at the end of the calendar year (Rasmusson and Carpenter, 1982) .
Annual maxima observations were treated as missing if more than 5% of the year's observational record was missing. This reduces the probability that the true maximum was unobserved. However, the annual maximum was retained regardless of the missing data, if the date of the observation was the same as the date of the annual maximum at a neighbouring station with similar rainfall patterns. This condition allowed for a stricter constraint on the amount of allowable missing data compared with other studies (eg. Haylock et al., 2000) , without unnecessarily discarding true maxima observations. After examining records for missing data, stations were discarded for records that did not have a minimum of 45 years of annual maxima observations. Prior to model fitting the marginal distributions were tested to ensure a generalised extreme value (GEV) distribution was appropriate. One check was performed by visualising the annual maxima data using a probability plot (Fig. 2) . A Kolmogorov-Smirnov test was also performed, where the critical value for each station was determined through a K. Saunders et al. Weather and Climate Extremes 18 (2017) 17-28 bootstrap resampling; see Zhang et al. (2014) .
Quality control
We use the Bureau of Meteorology's raw station data instead of the high quality station data in the Bureau of Meteorology's Climate Change Network (Lavery et al., 1992) . Although the Climate Change Network is commonly used in studies of extreme rainfall (Suppiah and Hennessy, 1998; Gallant et al., 2007) , it was not suited to our application. There are only five of the 152 stations in our region of interest. This is insufficient to accurately estimate the dependence parameters of the model. The locations of these stations are also not representative of the region's complex topography.
Additionally, the quality assurance of the stations in the Climate Change Network was not specific to the analysis of extremes. The dataset was not examined for when multiple days of rainfall are recorded as a single observation, known as an untagged accumulation (Viney and Bates, 2004; King et al., 2013b) . This is a concern as untagged accumulations can present as spurious maxima. Stations were also discarded for reasons that bear no relevance to the quality of the extremal observations, such as under reporting of small values or for rounding errors.
Given these concerns we performed our own quality control. For the 196 stations with records of appropriate length and completeness, reconstruction was performed to help reduce the amount of missing data and quantiles of annual maxima were compared with observations at neighbouring stations, see Vicente-Serrano et al. (2010) for details. Frequency based statistical tests from Viney and Bates (2004) and King et al. (2013b) were also performed to identify untagged accumulations. In total, 15 of the 196 stations were considered unsuitable, as more than 5% of the annual maxima observations failed the quality control. See Table 3 in the Appendix A for the number of observations discarded per station. The locations of the 174 stations considered of suitable length and quality are shown in Fig. 3. 
Covariate data
To consider the influence of ENSO on the distribution of extremes, the Southern Oscillation Index (SOI) was included as a covariate. The SOI is calculated using the normalised pressure difference between Tahiti and Darwin and can be used as a measure of the strength of ENSO. Sustained SOI values above 8 indicate a La Niña phase and sustained SOI values below À8 indicate an El Niño phase (Bureau of Meteorology, 2012). Despite the fact there are three phases of ENSO; El Niño, Neutral and La Niña, in our modelling, the asymmetry was modelled by splitting the SOI index into its positive and negative values. This is common in many studies (Cai et al., 2010; King et al., 2013a) .
Monthly data for the SOI was obtained from the Australian Bureau of Meteorology. For max-stable models temporal covariates are often taken to be aggregated value for each period. For this application, the average annual SOI value was taken over the July to June period.
Spatial covariates considered included longitude, latitude, elevation, distance to the coast and average annual total rainfall. Longitude, latitude and elevation were obtained from station meta data. The distance to the coast was calculated using the coastal outline stored in the freely available R package, Oz (Venables and Hornik, 2014) . The covariate of average annual total rainfall was calculated from station records. At locations without stations, the average annual total rainfall was calculated using the Australian Water Availability project; a gridded data product at a 5 km resolution (Jones et al., 2009 ).
Methods
Max-stable processes
For our application of extreme rainfall, we are interested in using max-stable processes: the natural extension of univariate extreme value theory to extremes in continuous space with dependence. A process ZðxÞ, where x 2 X ⊂ℝ 2 , is a max-stable process, if there exist normalising sequences, fa n ðxÞ > 0g and fb n ðxÞg 2 ℝ, such that
The univariate marginals of the max-stable process belong to the generalised extreme value (GEV) family (eg. Coles, 2001 ):
where ½a þ ¼ maxða; 0Þ for a real number a, the location parameter is À∞ < μ < ∞, the scale parameter is σ > 0 and the shape parameter is These stations passed quality assurance testing. K. Saunders et al. Weather and Climate Extremes 18 (2017) 17-28 À∞ < ξ < ∞. We refer to this distribution as GEVðμ; σ; ξÞ. For the remainder of Section 3 and Appendix B, it is convenient to assume without loss of generality that the univariate margins are distributed as GEV(1,1,1). Max-stable processes can be written as a spectral representation (De Haan, 1984; Schlather, 2002) . Let fζ i g i!1 be points of a Poisson process on ð0; ∞Þ with intensity measure ζ À2 dζ, and let Y i , i ! 1 be independent and identically distributed according to some probability measure with EY i ðxÞ ¼ 1; ∀x 2 X , then
The form of the spectral representation is determined by choosing a suitable process for YðxÞ. Common spectral representations include Smith (1990) , Schlather (2002) , Brown-Resnick (Brown and Resnick, 1977; Kabluchko et al., 2009 ) and the extremal-t (Opitz, 2013) . The Schlather process is a special case of the extremal-t process and the Smith process is a special case of the Brown-Resnick process. Model selection was used to decide between the extremal-t and the Brown-Resnick, with the extremal-t selected. Details on the extremal-t process are given in Appendix B.
Fitting
The full likelihood for max-stable processes is intractable, so statistical inference for max-stable processes is commonly performed using composite likelihood (Padoan et al., 2010) . Compared with maximum likelihood methods, the use of composite or pairwise likelihood avoids the need for the full density by using the bivariate density and summing over pairs of stations (Varin et al., 2011) . Although the full density is not used, the parameter estimates produced are still robust (White, 1982) . The composite likelihood is given by
where f is the bivariate extreme value density for the pair of stations, i and j, and N ij is the number of shared observations at stations i and j.
Composite likelihood is not restricted to just pairs of stations, it is also possible to use other multivariate densities. However, the efficiency gain versus computational cost has been found to be small when using trivariate densities (Genton et al., 2011; Huser and Davison, 2013) .
To fit the extremal-t process, the R package, SpatialExtremes (Ribatet, 2015) , was used. To ensure the parsimony of our fitted model, the marginal parameters are expressed as linear functions of space and time, also known as fitting a response surface. Model selection was performed using forward selection and the Takeuchi Information Criterion (TIC) (Varin and Vidoni, 2005) . The TIC is an analogue of the Akiake Information Criterion for composite likelihood methods. During fitting, the GEV marginal parameters and dependence parameters were estimated simultaneously.
Simulation
Simulation is an important tool for using max-stable processes in extreme rainfall applications. Simulation allows for the estimation of the spatial distributions of extreme events that would otherwise be intractable, such as the distribution of total annual maximum rainfall. The challenge with simulating from a max-stable process however, is that the maximum is taken over an infinite number of replicates of the underlying process. This can be addressed by simulating from the spectral representation in a suitable order until a stopping criterion is met, so only a finite number of iterations are required. A full mathematical description of max-stable simulation can be found in Schlather (2002) and Oesting et al. (2013) .
For our application, we also use conditional simulations (Dombry et al., 2012) to simulate realisations of extreme rainfall fields conditional on observed station data. Conditional simulation from a max-stable process can be done using a three step procedure (Dombry et al., 2013) . The first step involves partitioning the conditional points based on whether the conditional points were observed concurrently. The second step involves simulating the extremal functions that hit the conditional points. The third step involves simulating the sub-extremal functions that are less than the conditional points, but might contribute to the extrema at other locations.
Results
Model selection
An exploratory data analysis was performed where univariate GEV(μ, σ, ξ) distributions were fitted to the station data, ignoring ENSO. The GEV parameters were then plotted as functions of space. In using the denser network of stations, nonlinearity was clearly identified in the response of the location and scale parameter as a function of the distance of the station to the coast (Fig. 4) . There was also heteroskedasticity present, because the variance in parameter estimates increased closer to the coast. Upon closer inspection of the topography (Fig. 1) , the nonlinearity was due to interactions between the coastline and the inland orography, and the heteroskedasticity was due to elevation changes in the coastal topography.
To express the marginal parameters as simple linear functions of space a covariate was included of the average annual total rainfall recorded at each station. The inclusion of this covariate addressed the nonlinearity and heteroskedasticity similarly to the inclusion of a normalisation term. Using aggregated historical information about the station is a commonly employed technique in hydrological studies (Cooley et al., 2007) .
Model fitting was performed using composite likelihood. A trade-off exists between goodness of fit and computational complexity when using compositie likelihood methods. This is because the sum is taken over observational pairs and as the number of pairs grows large, fitting becomes computationally intenstive. For model fitting we used a random sample of 58 stations, one third of all stations available. Pairs with less than 30 years of common observations were omitted to ensure a sufficient amount of overlapping observational years. The resulting number of pairs provided a suitable balance between goodness of fit and computational time needed for model selection. The sampled stations and their associated pairs also provided a good coverage of the domain and the range of possible distances between pairs of stations. The remaining stations were then used in validation, see Section 4.2.
For the response surface the following geographic covariates were considered; latitude, elevation, distance to the coast, average annual total rainfall and their associated interaction terms. Longitude was not considered as it was highly correlated with the distance to the coast over this domain. Four different forms of SOI responses for temporal covariates were also considered; no response, symmetric, asymmetric and one-sided asymmetric (Sun et al., 2015) . The temporal regression forms are given in Table 1 . The form of the asymmetric model presented here avoids the discontinuity at zero present in many studies of the asymmetry of ENSO (King et al., 2013a; Cai et al., 2010) . The inclusion of temporal covariates was considered for just the location parameter and for both the location and scale parameters.
For the response surface, geographic covariates were determined first using forward selection, and then the temporal covariates were considered. The final form of the response surface determined through model selection was
where Dist is the distance of the station to the coast in km, Total is the average annual total rainfall (mm) and SOI is the annually averaged Southern Oscillation Index. Model selection revealed that a constant shape parameter across the domain was preferred. A one-sided asymmetric model for both location and scale parameters best represented the influence of ENSO on rainfall extremes.
Model validation
Stations omitted from model fitting were used to produce standard diagnostic plots. For marginal diagnostic plots, quantile plots with bootstrapped confidence intervals were produced, Fig. 5 . To plot all annual maxima observations on the same axes, the annual maxima observations were transformed from GEVðμðs; tÞ; σðs; tÞ; ξÞ to GEVðμðsÞ; σðsÞ; ξÞ using the estimated temporal coefficients. Observations are shaded by the sign of the SOI for the corresponding year.
For joint distribution diagnostic plots, the observed maxima at pairs of stations were plotted against the maxima simulated from our fitted model, Fig. 6 . Confidence intervals were obtained from simulation. Gumbel marginals, GEVð0; 1; 0Þ, were used so that the joint distributions could be compared on the same scale. The joint diagnostic plots of Fig. 6 are provided for station pairs at a range of distances. This ensures that the fitted statistical model resolves rainfall behaviour for small, medium and large distances.
Diagnostic plots for dependence were also produced using the extremal coefficient, θðhÞ, which is a measure of partial dependence. For details on the extremal coefficient see equation (12), Appendix B. The extremal coefficient calculated from the fitted parameters of the maxstable model was compared to the empirical estimates from the stations omitted from fitting, Fig. 7 . Empirical estimates were obtained from the F-madogram, an analogue of the semi-variogram for extremes (Cooley et al., 2006) . Although the theoretical range of the extremal coefficient is 1 θðhÞ 2, it is possible for the empirical estimate to take values above 2. The plot shows that the fitted model does well at capturing the dependence of stations in the region, particularly given that the comparison is with stations omitted from fitting.
Spatial distributions for urban planning applications
As the model selection revealed, the distribution of extreme rainfall in South East Queensland is conditional on the state of ENSO. To motivate the need for spatial models with dependence as compared with univariate models, in this section we present simulated results conditional on a negative SOI value. A negative SOI value is reflective of the state of the model in an El Niño phase. To understand how ENSO impacts the spatial distributions of rainfall extremes in the following sections we contrast these simulated results with simulations conditional on a strong La Niña phase.
Simulations of the annual maximum rainfall field from the fitted maxstable process are depicted in Fig. 8 . These simulations were performed on a 100 Â 100 resolution grid. These realisations of the process highlight random differences from year to year in annual maximum rainfall amounts and in the patterns of spatial dependence. Simulations such as those in Fig. 8 are currently underutilised for practical applications, such as for disaster mitigation, rainfall inputs to flood models and to supplement physical climate models.
To give an example of how simulations from a max-stable process can be used for disaster mitigation, we simulated 10 4 realisations of the annual maxima rainfall field within a 5 km radius of the Brisbane central business district. Brisbane is the state capital of Queensland, (153.03, À27.47). These simulations were performed using 276 gridded points to resolve the 5 km radius domain. From the simulations, we estimated the empirical cumulative distribution of the maximum rainfall observed across the domain (Fig. 9) . To demonstrate the effect of spatial dependence we considered the maximum annual rainfall simulated in the domain at radiuses of 1 km, 2.5 km and 5 km. This was compared with the marginal distribution for Brisbane from our fitted max-stable process (Fig. 9) . We empirically estimated the exceedance level, z, for an maximum rainfall above the 95th quantile
For a 1 km, 2.5 km and 5 km radius the exceedance levels are 210 mm, 230 mm and 251 mm respectively. This is in contrast to 188 mm for the marginal distribution at Brisbane, or equivalently 0 km radius. The differences in the distributions of Fig. 9 highlight that spatial distributions with dependence are needed to fully understand the probability of extreme rainfall events and to mitigate their potential impacts. Consider for example the application of urban drainage. If the marginal distribution at Brisbane was used to estimate drainage capacities in the CBD, then these drainage capacities would be insufficient for the annual maximum rainfall event observed in the domain. Underestimation of this event could result in drain failure and urban flooding. For example, if we use the marginal distribution at Brisbane to approximate a 1 km radius domain then we underestimate the 95th quantile by 10%. For a 5 km radius, the percentage underestimated increases to 25%.
The influence of ENSO on the spatial distribution of rainfall extremes
To investigate the impact of ENSO on our simulated process, we conditioned our simulations on two different SOI values; one a negative SOI value and the other a SOI value of 18. The negative SOI value is reflective of a year under El Niño conditions. The SOI value of 18 is 
If there is no difference in the distributions of X conditional on different SOI values then the FAR value is zero, reflecting no increased risk. In contrast, if the ratio of tail probabilities becomes small and positive then the FAR value will increase, reflecting a much higher risk conditional on an SOI value of 18, compared with an negative SOI value. Fig. 10 gives the FAR plots for the distributions described in Fig. 9 . We observe that during a year where the average SOI value is 18 that the probability of experiencing a given extreme rainfall event is much higher compared with negative SOI year. For example, a maximum rainfall exceeding the 95th quantile in the 1 km radius domain is 65.3% more likely under the strong La Niña conditions. Similarly, for the other radiuses of 2.5 km and 5 km, the FAR values are 67.2% and 67.8% respectively. As the probability of exceedance decreases and fewer simulations occur above a given exceedance level, the variability in the FAR estimator increases.
Understanding historical flash flooding through conditional simulations
In this section, we further demonstrate how we can use simulation as a tool for disaster mitigation. We used conditional simulations to investigate the extreme rainfall and consequent flash-flooding in Toowoomba, (151.95, À27.56), on 11th of January 2011. This event occurred during a strong La Niña year with an average SOI of 18. To understand the severity of these flash floods we answered the two questions: (i) If we experience a similar magnitude La Niña year again, how likely are we to observe this event; and (ii) How likely is this event to occur in an El Niño or a neutral phase of ENSO?
Conditional simulations were performed on a domain of approximately 20 km Â 20 km squared centred on Toowoomba, resolved using a 20 Â 20 grid. Within the gridded domain there are five stations with suitable conditional observations: 180.8 mm at Withcott, 82.4 mm at Moyala, 123.4 mm at Toowoomba Airport, 149.6 mm at Middle Ridge and 143.2 mm at Mt Kynoch. For each of these stations, the annual maximum was observed on January 11th 2011. The dates of the maxima are important, as conditional observations occurring concurrently indicate that the observations are all a part of the same extremal function (Stephenson and Tawn, 2005) . Tamba station also had an observation for the period of interest, however it was aggregated over 4 days. This aggregated total was within 1 mm of the aggregated total at Mt Kynoch over the same period. Given the similarity in the observational records, see Table 2 , we assumed the observations at Tamba were equal to those at Mt Kynoch. Otherwise the northern boundary of our domain was unconstrained, leading to a greater the variability in simulated results.
To understand the severity of the 2011 Toowoomba flash flood we simulated 2 Â 10 4 realisations of the annual maximum rainfall field. Of these simulations, 10 4 were conditional on the 2010-2011 station data and 10 4 realisations were without the conditional station data. All simulations were conditional on an SOI value of 18, approximately the same SOI magnitude for the 2010-2011 non-calendar year. By comparing simulations with and without the conditional station data, we can better understand the probability of witnessing an event of this magnitude Fig. 7 . Plot of the extremal coefficient for a given distance in kilometres. The points are the empirical estimates from the stations omitted during fitting and the line shows extremal coefficient estimated from the fitted parametric model. Fig. 8 . Simulations of the annual maximum rainfall field conditional on a negative SOI.
again given the SOI value that year of 18. An example of a conditional simulation for the Toowoomba Region is given in Fig. 11 . Locations of conditional stations are as marked.
We use the total annual maximum rainfall to occur in the region as a proxy for the severity of the extreme rainfall event. Frequency histograms for simulations both with and without the conditional station data are given in Fig. 12 . The median total annual maximum rainfall simulated conditional on the station data was 60646 mm. In a year with an average SOI value of 18, this amount of rainfall would be exceeded with probability 0.134, corresponding to a 1 in 7.5 chance of occurrence.
To understand the probability of this flash flood event occurring in an alternate phase of ENSO, we again used the fraction of attributable risk, equation (9). We calculated our FAR values for the total annual maximum rainfall using simulations occurring under conditions where the SOI value is negative compared with an SOI value of 18 (Fig. 13) . We found that the probability of observing the median event from our simulations conditional on station data is approximately 82% more likely in a strong SOI year of 18 compared with an El Niño year.
Discussion and conclusions
In this paper, we have demonstrated how we could better use max- Fig. 9 . Tail distributions for the maximum annual maximum rainfall simulated around the Brisbane CBD for a given radius domain. The solid line is the marginal distribution at Brisbane calculated from our fitted max-stable process. All distributions are conditional on a negative SOI value. Fig. 10 . The fraction of attributable risk for the distributions in Fig. 9 for a negative SOI value compared with an SOI value of 18. stable processes for applications in extreme rainfall and disaster mitigation. A particular focus of this was demonstrating how the El Niño Southern Oscillation can affect the distribution of spatial extremes. To convey this point we fitted a max-stable process to the daily annual maximum rainfall in a case-study region of South East Queensland (SEQ). Using max-stable process simulation we answered questions about the spatial distribution of extremes that would otherwise have been intractable without accurately capturing the dependence. We also emphasised that the univariate distribution of rainfall extremes was not a suitable proxy for the spatial distribution with dependence, even for small domains of 1 km radius. Our model selection revealed that the distribution of extreme rainfall in SEQ was conditional on the state of the ENSO. Using the SOI as an indicator for ENSO strength, we found for positive SOI values, as the SOI value increased the marginal GEV distributions were shifted right and there was increased variability. In contrast, no significant change was detected in the marginal parameters for negative SOI values. This confirms a one-sided asymmetric response of extreme rainfall to ENSO observed by Cai et al. (2010) ; King et al. (2013a) and Sun et al. (2014) . The La Niña phase of ENSO therefore has a far greater impact on the distribution of extreme rainfall in SEQ than the El Niño phase. As the state of ENSO can often be predicted months ahead of time (Dake et al., 2004) , this raises the possibility of conditioning on the predicted state of ENSO to improve the estimation of the probability of extreme rainfall K. Saunders et al. Weather and Climate Extremes 18 (2017) 17-28 events in the coming year. In addition to quantifying the magnitude of the shift and scale in the marginal distributions with ENSO, we sought to examine the influence of ENSO on spatial extremes. We compared our simulations of the annual maximum rainfall field conditional on El Niño conditions to simulations conditional on strong La Niña conditions. To quantify the difference in distributions we used the fraction of attributable risk. Our results highlight that mitigation strategies need to account for the influence of climate drivers such as ENSO, otherwise our design standards will be insufficient for strong La Niña years. For example, we found the flash flood in Toowoomba, Queensland of 2011, was 82% more likely under the 2011 strong La Niña compared with El Niño conditions.
A modelling assumption made for mathematical and computational ease was to adopt an isotropic dependence structure. In coastal areas, an anisotropic dependence structure could improve the ability of our fitted model to reproduce extreme rainfall events. However, given the complexity of the domain, a dependence structure that varies in space may be required. This problem is complex and research in adapting methods from spatial statistics to extreme value models is ongoing (Risser and Calder, 2015) .
It should be noted that simulation uncertainty and uncertainty in parameter estimates are not the same. To incorporate parameter uncertainty one possibility could be to use an ensemble of models, where the parameters are sampled from the asymptotic distribution of the maximum composite likelihood estimator.
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Appendix A
